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Abstract—Programs may generate different results depending
on the computing system where they are executed. Consequently,
distributed applications are restricted to a few computing sites
to avoid being ﬂawed by numerical variations. We propose
algorithms to increase the use of infrastructures while controlling
the risk created by numerical variations. Our algorithms rely on a
classiﬁcation of the computing sites updated regularly depending
on (i) the amount of observed numerical differences, and (ii) the
number of tasks to execute. We simulate our algorithms on a 40site infrastructure using SimGrid, in 3 different conﬁgurations.
Results show that for one of the conﬁgurations, our algorithm
speeds up the execution by a factor of about 4 in 10% of the cases.
For the remaining cases and the other 2 conﬁgurations, we show
that sites cannot be aggregated unless a high risk of numerical
variations is tolerated. We conclude that site classiﬁcations are
a promising approach to handle numerical variability among
computing sites. Results could be further improved by integrating
more a-priori information in the classiﬁcations.
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Fig. 1: A classiﬁcation of computing sites showing 6 sites and
3 classes.

incorrect results. We propose algorithms to increase the use of
computing sites in the 3 conﬁgurations, while controlling the
risk of numerical accidents. Our algorithms classify sites based
on a risk model derived exclusively from observations. We
assume that computing sites are equipped with schedulers (e.g.
batch schedulers), and that the infrastructure has metaschedulers to dispatch tasks to the sites. Discussing the algorithms
implemented by such schedulers is out of our scope.
We introduce our algorithms in Section II, we describe their
simulation on a 40-site grid in Section III, and we evaluate
them in Section IV.

I. I NTRODUCTION
Programs may generate different results depending on the
computing system where they are executed [1]. We call
such situations numerical accidents. Even when homogeneous
hardware is used, software heterogeneity may impact results
due to the evolution of library implementations, in particular
mathematical libraries. In brain image analysis, a ﬁeld of particular interest for us, numerical accidents have a measurable
impact on the performance of applications, and they might
even produce an effect comparable to the one measured in
some studies [2]. Numerical accidents hamper the replication
of analyses, therefore reproducible science.
To avoid numerical accidents, applications executed on
distributed computing systems must be restricted to subsets
of sites that are consistent numerically, i.e. where results
are replicable. Hence, the following conﬁgurations may be
studied:
• C1: compute all possible results;
• C2: compute one particular result;
• C3: compute any result.
For instance, C1 may be used to evaluate the reproducibility
of an application on the infrastructure, C2 to replicate a study
previously executed, and C3 to produce a result as quickly as
possible.
The state-of-the-art solution to address numerical accidents
on grid infrastructures is to limit applications to a single
computing site, as done in platforms such as CBRAIN [3].
This approach under-exploits the infrastructure and is limited
to conﬁguration C2. Other platforms, for instance the Virtual
Imaging Platform [4] ignore the issue, which might lead to
978-1-4799-8006-2/15 $31.00 © 2015 IEEE
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II. A LGORITHMS
As illustrated on Figure 1, our algorithms rely on a classiﬁcation of computing sites where all the sites in a class supposedly produce identical results. Finding such a classiﬁcation is
not straightforward due to the following issues:
•

•
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The number of accidents observed between two sites
does not deﬁne a distance in the set of computing sites
because it does not verify the triangle inequality when
different task sets are executed on different site pairs. For
instance, given three sites x, y, and z, we may observe
some accidents between site x and site z, but 0 accidents
between site x and site y as well as between site y and
site z.
We cannot assume that a classiﬁcation is valid permanently. Even when hardware and software conﬁgurations
do not change, there is always a risk that accidents happen
during the processing of a speciﬁc data set, which needs
to be modeled.

may have been executed on one or several sites in S. N 
denotes the number of future tasks to execute. α is the lower
bound used in Equation 2. Procedure C LASSIFY: starting
from an empty classiﬁcation, sites are iteratively assigned to
classes. Procedure A SSIGN: if a class exists where all the
sites are compatible with the site to assign, then the site is
assigned to this class; otherwise, the site is assigned to a new
class. Procedure C OMPATIBLE CLASS: site compatibility is
evaluated based on relation C OMPATIBLE; the number of tasks
to execute based on the existing observations (N  ) is the sum
of the number of future tasks to execute (N  ), and the number
of previous tasks that were executed exclusively on site x or
on site y (#Tx + #Ty − 2#Tx ∩ Ty ).

To address these issues, we deﬁne a “compatibility” relation
between two sites depending on (i) the amount of previously
observed accidents, and (ii) the number of tasks to execute.
Compatible sites may become incompatible when new accidents are observed, or when a too large number of tasks need to
be executed. Sites are ﬁnally classiﬁed based on this relation.
A. Notations
•

•

•

•

Sets
– #X: number of elements in X.
– []: empty set.
Computing sites
– S: set of all computing sites on the infrastructure.
– St : set of sites where task t was executed.
Tasks
– Tx : set of tasks in T executed on site x, i.e. {t ∈
T, x ∈ St }.
– tx : result produced by task t executed on site x.
– Ax,y : numerical accidents between site x and site y,
i.e. {t ∈ Tx ∩ Ty , tx = ty }
Variable types
– int: integer.
– prob: probability, i.e. real number in [0,1].
– task: task executed on the infrastructure.
– site: computing site.
– class: set of sites.
– [type]: set of elements of type type.

Algorithm 1 Site classiﬁcation
procedure C LASSIFY([site] S, [task] T, prob α, int N”)
[class] C = []
for s ∈ S do
ASSIGN (s,C,T,α,N”)
return C
procedure A SSIGN(site x, [class] C, [task] T, prob α, int
N”)
for c ∈ C do
if C OMPATIBLE CLASS(x,c,T,α,N”) then
c = c ∪ {x}
 Adds site x to class c
return
C = C ∪ {{x}}
 Creates a new class
procedure C OMPATIBLE CLASS(site x, class c, [task] T,
prob α, int N”)
for y ∈ C do
N’=N”+#Tx +#Ty -2#Tx ∩ Ty
if p(N  ,#Ax,y ,#Tx ∩ Ty ) <α then return false
return true

B. Site classiﬁcation
We rely on the theory described in Chapter 14 of [5] for
the estimation of extreme phenomena, which states that the
probability to observe 0 accidents among N’ future observations given that n accidents happened among N previous
observations is:
N 
N +1
n
p(N  , n, N ) =
(1)


N + N  + 1 N +N
n

C. C1: Computing all results
Our algorithm for C1 is a straightforward application of site
classiﬁcation:
1) Classify sites using Algorithm 1.
2) Execute the workload in all classes.
This algorithm executes the workload once for each class.
Instead, the state-of-the-art solution executes the workload
once for each site.

This formula is based on the following summation on the risk
factor to have numerical accidents:
 1

(1 − λ)N fn,N (λ)dλ
p(N  , n, N ) =
0

fn,N is the density of probability of the risk factor given that
n accidents happened among N observations:
fn,N (λ) =  1
0

D. C2: Computing one result
Assuming that the wanted result is the one computed by
site x, then our algorithm is as follows:
1) Classify sites using Algorithm 1.
2) Execute the workload in the class containing site x.
This algorithm uses all the sites in the class containing site x.
Instead, the state-of-the-art solution uses only site x.

λn (1 − λ)N −n
xn (1 − x)N −n dx

Based on Equation 1, we deﬁne a compatibility relation
between two sites x and y:
C OMPATIBLE(x, y) ⇔ p(N  , #Ax,y , #Tx ∩ Ty ) ≥ α

(2)

Sites are C OMPATIBLE if and only if the probability to execute
N  tasks on these sites without encountering any numerical
accident is greater than α.
Algorithm 1 describes the classiﬁcation of a set S of sites
where a task set T was previously executed. Each task in T

E. C3: Computing any result
Assuming that an oracle exists to order sites and to order
classes by decreasing value of performance, then our algorithm
is as follows:
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Hosts per cluster
Host power (Gﬂops)

min
6
4.7

max
93
30.1

average
38.2
12.5

Parameter
#S
α
ρ

TABLE I: Hosts of the simulated platform.

Within cluster
Between clusters

Bandwidth (Gb/s)
1
10

Values
{2, 5, 10, 20, 40}
{0.1, 0.3, 0.5, 0.7, 0.9}
{10−4 , 10−3 , 10−2 , 10−1 , 1/2}

TABLE III: Experiment parameters

Latency (ms)
0.1
0.1

e) C2 and C3: In conﬁguration C2, the wanted site x was
selected as the ﬁrst one in the alphabetical order. In conﬁguration C3, the oracle sorted sites and classes by decreasing
number of total power (i.e. number of nodes multiplied by
power of nodes).

TABLE II: Network of the simulated platform.

1) Classify sites using Algorithm 1.
2) Execute the workload in the ﬁrst class in the order
returned by the oracle.

IV. E XPERIMENT
A. Setup

This algorithm uses the best-performing class according to
the oracle. Instead, the state-of-the-art solution uses the bestperforming site according to the oracle.

We simulated our algorithms using different numbers of
sites, different values of α, and different values of ρ, as
reported in Table III. Sites were randomly picked on the
platform. For each site number, 3 repetitions of the experiment
were done, corresponding to 3 different site sets. For each
value of α, each value of ρ, and each conﬁguration, the
workload was iterated once with the state-of-the-art algorithm
(all subsequent iterations would give the same result), and 100
times with our algorithm (an iteration uses the site classiﬁcation obtained from the previous iteration). An iteration of the
state-of-the-art simulation was implemented as follows:
• Generate 150 Freesurfer tasks;
• Submit 150 tasks to each batch system (C1), or to the
batch system containing a particular site (C2), or to the
batch system ranked ﬁrst by the oracle (C3).
Iterations of our algorithm consisted of the following steps:
• Generate 150 Freesurfer tasks;
• Classify sites based on the task return codes produced by
previous iterations;
• Deploy a metascheduler for each class;
• Submit 150 tasks to all metaschedulers (C1), or to the
metascheduler managing a particular site (C2), or to the
metascheduler ranked ﬁrst by the oracle (C3).

III. S IMULATION
We simulated our algorithms on a grid of computing sites
using the SimGrid simulator [6]. SimGrid simulations consist
of (i) a platform description comprising hosts, clusters, routers,
network links and routes, (ii) a deployment of services on hosts
of the platform, (iii) a workload executed by the services.
a) Platform: We used the description of the Grid’5000
infrastructure [7] as available in SimGrid version 3.11. This
platform has 40 clusters located in 9 different French cities,
each with a different network domain. Host performance is
homogeneous within a cluster but it varies across clusters,
as shown in Table I. All local networks within clusters have
identical characteristics, and all network links between clusters
are identical too, as shown on Table II.
b) Deployment: We deployed batch systems and nodes
to dispatch tasks to hosts of a cluster, and meta-schedulers to
dispatch tasks to clusters of a class. Batch systems, nodes and
meta-schedulers were taken from the Simbatch [8] extension
of SimGrid. To take hardware heterogeneity into account, we
modiﬁed Simbatch so that it accepts tasks deﬁned with a number of operations rather than with a duration. Batch systems
were conﬁgured to implement conservative backﬁlling.
c) Workload: The workload consisted of the iterative
submission of batches of 150 tasks simulating brain image
processing as implemented in Freesurfer [9]. Task cost was set
to 1117958.9 Gﬂops so that tasks lasted 24 hours in average
on the simulated platform, which is a common execution time
for Freesurfer. Tasks requested a walltime of 72 hours to avoid
being killed by the batch systems. Task input and output ﬁles
were 25 MB and 450 MB, respectively.
d) Accidents: Numerical accidents were simulated only
between sites belonging to different cities, with a probability
ρ. To do that, tasks were assigned a return code of 1 with
probability ρ , and a√ return code of 0 with a probability 1ρ . We used ρ = − 1−2ρ−1
so that the probability that two
2
tasks have different return codes, i.e. p = 2ρ (1−ρ ), equals ρ.
Return codes were ignored for tasks executed on different sites
of the same city.

B. Results
1) Effect of α: Figure 2 displays the simulated makespan
of our workload executed in conﬁguration C1 on 5 sites, for
ρ = 0.5 and increasing values of α. The makespan is measured
as the duration between the submission time of the ﬁrst task,
and the completion time of the last task. For each repetition,
the makespan obtained with the state-of-the-art algorithm is
represented with dotted black lines. The makespan obtained
with our algorithm oscillates between a maximal value, where
all sites are in a separate class, and a minimal value, where
some classes have more than 1 site. The maximal value also
corresponds to the makespan obtained with the state-of-theart solution. Oscillations are a direct implication of our design
assumption that a classiﬁcation is not permanently valid: when
the number of tasks executed in a class increases, then N 
increases in equation 2, which lowers p. When p is lower
than α, classes have to be split to increase the number of
observations (#T1 ∩ T2 ) and bring p above α again.
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Parameter α mainly has two effects:
1) It reduces the frequency of low makespan values.
2) It regularizes the evolution of the makespan. When α
is above 0.5, the makespan becomes pseudo-periodical,
with a pseudo-period increasing with α.
The ﬁrst effect is a consequence of the deﬁnition of our classiﬁcation: sites becomes less C OMPATIBLE when α increases.
The second effect comes from the fact that the classiﬁcation is
less sensitive to the occurrence of accidents when α increases.
The speed-up factor obtained with our algorithm compared
to the state of the art depends on the average number of
sites per class. On Figure 2, it varies between 1 (no speedup) and 11.5. For α = 0.9, about 10% of the executions are
signiﬁcantly accelerated.
2) Effect of ρ: Figure 3 displays the simulated makespan
of our workload executed in conﬁguration C1 on 5 sites, for
α = 0.5 and increasing values of ρ. For each repetition,
the makespan obtained with the state-of-the-art algorithm is
represented with dotted black lines. Repetitions correspond to
the same site selections as on Figure 2. ρ mainly regularizes
the evolution of the makespan, with little impact on the
performance of our algorithm.
3) Effect of the number of sites: Figure 4 displays the
simulated makespan of our workload executed in conﬁguration
C1, for α = 0.9, ρ = 0.5, and increasing site numbers. For
each repetition, the makespan obtained with the state-of-the-art
algorithm is represented with dotted black lines. The behavior
is similar for all site numbers: the makespan oscillates between
the value obtained on the slowest site selected in the repetition,
and lower values reached when the slowest site belongs to a
larger class. The slowest site of the infrastructure, which gives
a makespan of about 2000 hours, was selected by Repetitions
1 & 3 at 10 sites, by Repetitions 1, 2 & 3 at 20 sites, and
obviously at 40 sites. In these cases, our algorithm reaches its
full potential, with speed-up factors up to 4. For 40 sites, all
repetitions are identical due to the minor inﬂuence of ρ.
4) Conﬁgurations C2 and C3: Figure 5 shows the simulation of conﬁgurations C2 and C3 with 5 sites, for α = 0.9
and ρ = 0.0001. Repetition 1 in C3 is identical to Repetition
3 (lines overlap). In C2 and C3, our algorithms do not provide
any speed-up compared to the state-of-the-art solution. This is
due to the fact that, when only 1 site is used, #Tx ∩ Ty and
#Ax,y are always equal to 0, therefore p = N 1+1 which is
lower than α.
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Fig. 2: Effect of α (ρ=0.001, 5 sites, conﬁguration C1).
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Fig. 3: Effect of ρ (α=0.5, 5 sites, conﬁguration C1).
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Fig. 4: Effect of site number (α=0.9, ρ=0.0001, conﬁguration C1). For readability reasons, graphs for 2 and 5 sites are on a
different y scale.
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In the worst case, i.e. when each site has to be assigned to
a separate class, our method performs like the state-of-theart solution. In addition, both the probability α to observe
0 numerical accidents and the probability of accidents ρ
regularize the makespan towards a pseudo-periodical function.
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a promising approach to handle numerical variability among
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Moreover, in conﬁguration C1, a-priori information could
be introduced to maintain the makespan at the minimum
value. For instance, when oscillations are detected, detailed
information about the computing system (operating system,
versions of dynamic libraries, . . . ) could be used to aggregate
sites permanently, or at least until this information changes.
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First, our method does not provide any acceleration in
conﬁgurations C2 and C3, due to the lack of available observations of tasks executed on multiple sites. This could be
improved by introducing task replication in these conﬁgurations. Accelerations comparable to C1 would then be expected.
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Fig. 5: Simulation of conﬁgurations C2 and C3 (α=0.9,
ρ=0.0001, 5 sites). For each repetition, the makespan of the
state-of-the-art algorithm is represented with dotted black
lines.

A few technical obstacles must be addressed before our
method can be used in a system deployed in production.
First, comparing task results might be difﬁcult when ﬁles
include context-dependent information such as timestamps,
host names, paths and so on. For instance, task results may be
compressed archives containing log ﬁles. Some data formats
may even store provenance information about the process and
parameters which produced them, which is for instance the
case of the MINC format in medical imaging [10].
When a numerical accident is observed, all previous executions should be reviewed because such new information
has a direct impact on the C OMPATIBLE relation, therefore
on the site classiﬁcation. A scheduler could address this issue
by continuously updating results to increase conﬁdence. For
instance, it could ﬁrst quickly deliver results with a low α
value, and then execute additional tasks to increase α up to 1.
The fact that our site classiﬁcation gives an upper bound on
the probability to have numerical accidents in the data is useful
in this context.

V. D ISCUSSION AND C ONCLUSION
We presented a site classiﬁcation method to address numerical variability among computing sites. Using the theory described in [5], we modeled the risk associated to a
classiﬁcation based on the amount of previously observed
numerical accidents. Our model does not make any assumption
on the occurrence of numerical accidents, on the workload,
or on the infrastructure. In addition, site classiﬁcations are
continuously updated to integrate new information. Scheduling
algorithms addressing C1, C2 and C3 were derived from the
classiﬁcations, and evaluated on a simulated grid infrastructure
with 40 sites.
In conﬁguration C1, we found that the makespan of applications executed with our algorithm oscillates between a
maximal value, where a class is created for each computing
site, and lower values, where some sites are grouped. Such
oscillations are a direct consequence of the need to periodically
update the site classiﬁcation. Our method produces important
speed-up factors, up to 11 in our experiments, when highrisk classiﬁcations are used (e.g. α = 0.1). For lower-risk
classiﬁcations, a fraction of the executions (about 10% with
α = 0.9) are signiﬁcantly accelerated, up to a factor of 4.

Information about software and hardware upgrades, which
is very commonly available to platform administrators, should
also be included in the classiﬁcation. When a site is upgraded,
it should be removed from its current class and any information
about the tasks executed on this site should be discarded
(i.e. Tx should be cleared). Since site classiﬁcations are
periodically revised, our algorithm would eventually detect
such upgrades, but it may be at the cost of several numerical
accidents.
Finally, numerical accidents may be inherent in some applications, for instance when pseudo-random numbers are
used. To detect such cases, applications should be repeatedly
executed on the same system.
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Numerical differences between computing systems have
been reported as a potentially serious issue in various ﬁelds.
For instance, in neuroimaging, the study in [2] reported the
effects of Freesurfer version, workstation type, and operatingsystem version on anatomical volume and cortical thickness
measurements. The authors concluded that “users of Freesurfer
should exercise caution and restraint before applying a major
upgrade in [...] OS version”. Based on this study, it is now
common practice in this discipline to restrict studies to using
homogeneous operating systems and to restrain the use of distributed computing systems. New scheduling methods should
patently be developed to address this issue.
Numerical differences between computing sites might occur
in any distributed computing system, including cloud when
different virtual images are used. Their impact has been
studied in the context of desktop grids, where the reliability of
resources provided by volunteers has to be assessed. In particular, the BOINC scheduler for desktop grids [11] developed
the Homogeneous Redundancy (HR) method that distributes
replicas among numerically equivalent machines to recognize
erroneous results. As described in [12], this method relies on
the following principles:
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1) Hosts are assumed numerically equivalent when their
operating system and hardware both match.
2) Once the ﬁrst instance of a task has been sent to a
machine, other instance of the same task are sent only
to numerically equivalent machines.
The ﬁrst principle is related to our classiﬁcation of the
computing sites. However, our classiﬁcation relies only on the
observed numerical accidents instead of assuming application
models. In practice, it may happen that applications behave
identically on two different operating systems (for instance,
statically-linked binaries executed on different Linux systems),
and that numerical differences are observed when operating
system and hardware both match (for instance, applications
depending on dynamically-linked libraries). The second principle is related to our scheduling algorithms. Using HR, classes
in conﬁguration C3 would be selected based on the scheduling
of only a single task, whereas we ordered the classes by
performance values.
Our context is slightly different from desktop grids though.
Indeed, in conﬁguration C1, we are interested in computing
all the possible results on an infrastructure, while desktop grid
schedulers usually assume a single correct result, the others
being generated by hardware malfunctions, incorrect software
modiﬁcations or malicious attacks. Therefore, optimization
techniques such as presented in [13], where replicated tasks
are checkpointed to speed-up the detection of differences, may
be only partially applied to our problem.
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